Introduction {#s1}
============

Over the past two decades, our collective understanding of microbial diversity has been profoundly expanded by cultivation-independent molecular methods ([@bib56]; [@bib78]; [@bib61]; [@bib19]; [@bib33]). It is now widely recognized that interconnected microbial communities drive matter and energy transformations in natural and engineered ecosystems ([@bib25]), while also contributing to health and disease states in multicellular hosts ([@bib17]). Concomitant with this changing worldview is a growing awareness that viruses modulate microbial interaction networks and long-term evolution with resulting feedbacks on ecosystem functions and services ([@bib75]; [@bib65]; [@bib29]; [@bib35]; [@bib9]; [@bib10]).

However, our understanding of viral diversity and virus--host interactions remains a major bottleneck in the development of predictive ecosystem models and unifying eco-evolutionary theories. This is because the lack of a universal marker gene for viruses hinders environmental survey capabilities, while the number of isolate viral genomes in databases remains limited: for comparison, more than 25,000 bacterial and archaeal host genomes are available in NCBI RefSeq (January 2015), whereas only 1,531 of their viruses were entirely sequenced and most (86%) of these derive from only 3 of 61 known host phyla ([@bib68]). Thus, although advances in high-throughput sequencing expand the bounds of viral sequence space, these data sets are dominated by uncharacterized sequences (usually 60--95%), termed 'viral dark matter' ([@bib62]; [@bib82]; [@bib54]; [@bib10]). In the absence of closely related isolates, viral genes and genomes remain unlinked to hosts, which greatly limits ecological and evolutionary inferences.

Alternatively, viral sequence space can be explored in a known host context by revealing putative viral sequences hidden in microbial genomes. Such signal was first analyzed through annotation of prophages---viral genomes integrated in microbial genomes. Numerous tools exist to automatically detect prophages ([@bib30]; [@bib48]; [@bib83]; [@bib2]), so prophage diversity and abundance are relatively well studied ([@bib15]; [@bib11]). Early estimations, when only a few hundred bacterial genomes were available, suggested that prophages are common (62% of bacterial genomes tested contained at least one), existing as intact and functional forms or in varying degrees of decay ([@bib15]). Given that tens of thousands more microbial genomes are now publicly available, it is expected that many new prophages and other viral sequences remain to be discovered.

Further, other viral signals might be prevalent in modern microbial genomic data sets. First, certain types of prophage do not integrate into the host genome. These 'extrachromosomal prophages' (also termed 'plasmid prophage') exist outside the microbial chromosome until induced to undergo lytic replication. These have been known to occur for decades (e.g., coliphage P1, [@bib73]), though their abundance in nature is unknown. Second, some phages can enter a 'chronic' cycle, in which they replicate in the cell outside of the host chromosome, and produce virions that are extruded without killing their host ([@bib1]; [@bib60]). Third, a phage 'carrier state' has been observed, in which a lytic phage is maintained and multiplied within a cultivated host population without measurable effect on cell growth ([@bib7]). This phenomenon is thought to arise due to the presence of both resistant and sensitive cells that frequently transition between these two states. Sometimes also termed 'partial resistance', such states that enable the coexistence of phage and host in culture have now been observed in different systems (*Vibrio*, *Escherichia coli*, *Salmonella*, *Flavobacterium*), and are linked to slight decreases in growth rate or cell concentration but no host cell clearing as would be observed for 'typical' lytic viruses (i.e., plaque formation), thus could go unnoticed in a microbial cell culture ([@bib26]; [@bib14]; [@bib52]). All three of these lesser studied types of infection would result in the assembly of viral sequences outside of the main host chromosome in a microbial genome sequencing project and could be a new type of viral signal in modern microbial genomic data sets due to deep sequencing and public release of draft (i.e., not completely assembled) genomic sequences.

Finally, single amplified genome (SAG) data sets, sourced from anonymously sorted, amplified, and sequenced cells, are especially valuable for accessing the vast majority of environmental microbes that remain uncultivated in the lab ([@bib64]; [@bib40]). Single-cell amplified genomes can reveal viral sequences directly linked to uncultivated hosts ([@bib81]; [@bib69]; [@bib44]). When combined with metagenomic sequences, these data provide information on population dynamics, lineage-specific viral-induced mortality rates, relative ratios of prophages and current lytic infections, as well as putative links between viral infection and host metabolic state ([@bib69]; [@bib44]). Thus, as microbial genomic data sets evolve from complete genomes to fragmented draft and single-cell genomes, new windows into viral diversity and virus--host interactions are opened.

Here, we applied a recently developed and automated virus discovery pipeline, VirSorter ([@bib68]), to mine the viral signal from 14,977 publicly available bacterial and archaeal genomic data sets. This identified 12,498 high-confidence viral sequences with known hosts, ∼10-fold more than in the RefSeqVirus database, that we then used to expand our understanding of viral diversity and virus--host interactions.

Results and discussion {#s2}
======================

New viruses detected in public microbial genomic data sets with VirSorter {#s2-1}
-------------------------------------------------------------------------

VirSorter is designed to predict bacterial and archaeal virus sequences in isolate or single-cell draft genomes, as well as complete genomes ([@bib68]). Briefly, VirSorter identifies viral sequences through (i) statistical enrichment in viral gene content, using a reference database composed of viral genomes of archaeal and bacterial viruses from RefSeq (hereafter named RefSeqABVir for 'RefSeq Archaea and Bacteria Viruses') and assembled from viral metagenomes (database 'Viromes' in VirSorter), or (ii) a combination of viral 'hallmark' gene(s) that code for virion-related functions such as major capsid proteins or terminases ([@bib42]; [@bib69]), and at least one viral-like genomic feature: statistical depletion in genes with a hit in the PFAM database, statistical enrichment in uncharacterized genes, short genes, or strand bias (i.e., consecutive genes which tend to be coded on the same strand).

Applied to 14,977 publicly available microbial genomes ([Figure 1---source data 1](#SD1-data){ref-type="supplementary-material"}), VirSorter identified 12,498 high-confidence viral sequences representing either long genome fragments (\>10 kb when linear) or complete genomes (contigs detected as circular). These viral sequences were found in 5492 of the microbial genomes (∼30%). Simply scanning the identified viruses for novel hosts extended the host range of common viral families to now include several recently described phyla like *Caldiserica* (formerly known as candidate phylum OP5), *Marinimicrobia* (SAR406 also known as Marine Group A), or *Omnitrophica* (OP3), in addition to other understudied groups such as *Poribacteria*, *Nitrospinae*, *Cloacimonetes* (WWE1), and Chloroflexi-type SAR202 ([Figure 1](#fig1){ref-type="fig"}, [Figure 1---source data 2](#SD2-data){ref-type="supplementary-material"}, [Figure 1---source data 3](#SD3-data){ref-type="supplementary-material"}). Uncovering the first viruses infecting these major microbial groups is critical given that many candidate phyla are abundant in understudied ecosystems and play substantial roles in coupled biogeochemical cycling ([@bib79]; [@bib80]; [@bib16]; [@bib39]; [@bib64]; [@bib4]; [@bib22]).10.7554/eLife.08490.003Figure 1.Distribution of viral sequences from the VirSorter curated data set across the bacterial and archaeal phylogeny.For each bacteria or archaea phylum (or phylum-level group), corresponding viruses in RefSeq (gray) and VirSorter curated data set (red) are indicated with circles proportional to the number of sequences available. Groups for which no viruses were available in RefSeq are highlighted in black.**DOI:** [http://dx.doi.org/10.7554/eLife.08490.003](10.7554/eLife.08490.003)10.7554/eLife.08490.004Figure 1---source data 1.List of data sets mined for viral signal.Bacterial and archaeal genomes searched with VirSorter for viral sequences originated from NCBI Refseq and WGS, as well as the Microbial Dark Matter data set (MDM, [@bib64]) and the SUP05 SAGs data set ([@bib69]).**DOI:** [http://dx.doi.org/10.7554/eLife.08490.004](10.7554/eLife.08490.004)10.7554/eLife.08490.005Figure 1---source data 2.New virus--host associations detected in VirSorter sequences.The star (\*) marks the questionable detection of an *Inoviridae* genome in a *Caldiserica* SAG, which could originate from another bacterium contaminating MDA reagents (see 'Materials and methods').**DOI:** [http://dx.doi.org/10.7554/eLife.08490.005](10.7554/eLife.08490.005)10.7554/eLife.08490.006Figure 1---source data 3.Summary table of VirSorter data set sequences.All sequences currently identified as plasmids on NCBI and which did not display any viral gene in the automatic annotation from NCBI are gathered at the bottom of the table and highlighted in orange. 'Detection tag' column indicates how the sequence was detected as viral by VirSorter: 'hallmark' for the presence of viral hallmark gene(s), 'refseq' for an enrichment in bacterial and archalea virus genes, 'noncaudo' for an enrichment in non-*Caudovirales* genes, and 'vdb' for an enrichment in virome-like genes.**DOI:** [http://dx.doi.org/10.7554/eLife.08490.006](10.7554/eLife.08490.006)10.7554/eLife.08490.007Figure 1---figure supplement 1.Viral diversity in the VirSorter data set.The best BLAST hits of predicted proteins along each sequence (i.e., within 75% of the best BLAST hit for this sequence) were used in a Lowest Common Ancestor affiliation (here displayed at the family level). 'Unclassified *Caudovirales*' gathers viruses only affiliated to the *Caudovirales* level without confident affiliation to the *Myo*-, *Sipho*-, or *Podoviridae.* The number and percentage of sequences affiliated is indicated next to each family.**DOI:** [http://dx.doi.org/10.7554/eLife.08490.007](10.7554/eLife.08490.007)10.7554/eLife.08490.008Figure 1---figure supplement 2.Genome map comparison (**A**) and recruitment plot (**B**) of *Bacteroidia* virus sequences from a putative new order.Replication-associated, Relaxase, and hypothetical proteins are depicted in blue, orange, and gray respectively. The recruitment plot includes two viromes from human feces samples from two different studies (Human gut assembly, [@bib53], and Human feces, [@bib41]). Identity percentage is based on a blastn between virome contigs and the reference genome.**DOI:** [http://dx.doi.org/10.7554/eLife.08490.008](10.7554/eLife.08490.008)

BLAST-based family-level affiliations suggested that 90.45% of these 12,498 sequences correspond to *Caudovirales*, 6.82% to ssDNA viruses (predominantly *Inoviridae* family), and 2.73% could not be confidently assigned ([Figure 1---figure supplement 1](#fig1s1){ref-type="fig"}). Among the unassigned group, 7 sequences lacked any hit to a viral reference genome. These 7 short (4.1 kb) near-identical circular contigs from *Bacteroides* draft genomes were detected as viral based on sequence similarity with human gut viromes, but contained two genes associated with plasmid replication ([Figure 1---figure supplement 2A](#fig1s2){ref-type="fig"}). This could suggest a plasmid origin, but the high and even coverage of these genomes across several CsCl-purified viromes from different studies ([@bib41]; [@bib53]) suggests that they are derived from encapsidated particles typical of viruses ([Figure 1---figure supplement 2B](#fig1s2){ref-type="fig"}). If confirmed, these sequences would represent the first complete genomes for an entirely new viral order.

264 new putative viral genera identified through genome-based network clustering {#s2-2}
--------------------------------------------------------------------------------

To better determine relationships between viral genomes and host range, we next built a network based on shared gene content to quantify genetic relatedness between the 12,498 sequences identified with VirSorter and the 1,240 taxonomically curated genomes available in RefSeqABVir ([Figure 2---figure supplement 1](#fig2s1){ref-type="fig"} and see 'Materials and methods'). Despite the absence of a universal marker gene, a long history of organizing viral sequence space through genome-to-genome comparison exists using either gene content ([@bib66]; [@bib49]) or nucleotide composition ([@bib72]; [@bib45]). We used MCL (Markov Cluster Algorithm) based on the number of shared genes between sequence pairs as it had been previously shown to accurately recapitulate taxonomic relationships in the *Caudovirales*, which dominated our data set ([@bib24]; [@bib49]).

Most (99.3% of 12,498) sequences affiliated to one of 614 virus clusters (VCs), of which 535 contained at least one complete genome or large genomic fragment (\>30 kb), and approximately half (271 of 535 VCs) included RefSeqABVir sequences ([Figure 2A](#fig2){ref-type="fig"}, [Figure 2---source data 1](#SD4-data){ref-type="supplementary-material"}). Those VCs with RefSeqABVir sequences provided the opportunity to evaluate whether a VC corresponded to any particular taxonomic level of ICTV classification. Of 43 RefSeq-curated viral genera, 27 have all their sequences in the same VC, 12 were spread across two VCs, and 4 were spread across \>2 VCs---these latter genera included the Spouna-like viruses (3 VCs), N4-like viruses (4 VCs), Lambda-like viruses (9 VCs), and Inoviruses (11 VCs). Consistent with previous applications of this method, VCs identified in this analysis were thus approximately equivalent to a RefSeq-curated viral genus ([@bib49]).10.7554/eLife.08490.009Figure 2.Degree of novelty of viruses detected in VirSorter curated data set.(**A**) Viral clusters (VCs) are considered as putative new genera when including at least one sequence larger than 30 kb, circular, or known to be a complete genome (from RefSeq). These putative genera were considered as 'new' when the VC did not include any RefSeq sequence, and 'known' otherwise. (**B**) The proportion of new VCs (containing no RefSeqABVir), VCs with only one RefSeqABVir sequence, and VCs with more than one RefSeqABVir sequence is displayed for host classes associated with more than 10 virl sequences. Only 'putative genera' VCs were considered (i.e., clusters containing a RefSeqABVir genome, a circular sequence, or a sequence with more than 30 predicted genes).**DOI:** [http://dx.doi.org/10.7554/eLife.08490.009](10.7554/eLife.08490.009)10.7554/eLife.08490.010Figure 2---source data 1.Summary table of virus clusters (VCs).Cluster affiliation is based on the combination of BLAST-based taxonomic affiliation of its members. For VCs with more than 10 proteins, those composed only of VirSorter sequences are highlighted in green and those with only one sequence from RefSeqABVir are marked in blue. Cases where sequences affiliated to both ssDNA and dsDNA viruses are clustered together are highlighted in red. 'Detection tags' lists the different detection tags for the cluster members, with 'NCBI_RefSeq' for complete genomes from the RefSeq database. These NCBI RefSeq sequences are counted as 'complete' in the 'type of sequences' column.**DOI:** [http://dx.doi.org/10.7554/eLife.08490.010](10.7554/eLife.08490.010)10.7554/eLife.08490.011Figure 2---figure supplement 1.Structure of viral sequence space sampled in VirSorter data set.Network of virus clusters (VCs) based on gene content comparison between viral genome sequences from RefSeqABVir and VirSorter data set. VCs including only VirSorter sequences are highlighted with a black outline. The size of nodes is proportional to the number of sequences in the cluster and the color of the node corresponds to the BLAST-based affiliation (at the family level) of its members when consistent (i.e., agreement between \>75% of the cluster members, otherwise clusters are indicated as 'unaffiliated').**DOI:** [http://dx.doi.org/10.7554/eLife.08490.011](10.7554/eLife.08490.011)10.7554/eLife.08490.012Figure 2---figure supplement 2.Benchmarks used to determine the best value for inflation and significance thresholds for virus clustering.For each pair of values (inflation and significance threshold), the genome network was computed and its overall shape evaluated with ICCC (intra-cluster clustering coefficient). The chosen values are highlighted in green in the table and with a star on the associated plot.**DOI:** [http://dx.doi.org/10.7554/eLife.08490.012](10.7554/eLife.08490.012)

Given this level of taxonomic resolution and ignoring the 79 VCs that lacked large (\>30 kb) genome sequences, we identified a total of 264 new candidate viral genera (i.e., 264 VCs with no sequences from RefSeqABVir, [Figure 2---source data 1](#SD4-data){ref-type="supplementary-material"}). These 264 candidate genera were derived from both understudied and well-studied hosts (e.g., *Gammaproteobacteria* and *Bacilli,* [Figure 2B](#fig2){ref-type="fig"}) and included 5 of the 30 highest-membership VCs ([Figure 2---source data 1](#SD4-data){ref-type="supplementary-material"}), which confirms that our knowledge of viral diversity is limited even in well-studied hosts and with prevalent viruses.

VirSorter curated data set includes extrachromosomal genomes and improves virome affiliation {#s2-3}
--------------------------------------------------------------------------------------------

Of the 12,498 sequences, 5,232 were prophages (i.e., a viral genome integrated into a microbial contig) and 1,756 were either complete (circularized) or large (\>30 kb) genome fragments assembled outside of the host chromosome (i.e., no microbial gene was detected on the contig, [Figure 3A](#fig3){ref-type="fig"}, [Figure 1---source data 1](#SD1-data){ref-type="supplementary-material"}).10.7554/eLife.08490.013Figure 3.Extrachromosomal prophages in VirSorter curated data set and improvement in virome affiliation.(**A**) The distribution of VirSorter curated data set as 'integrated' (i.e., prophages integrated in the host chromosome), 'extrachromosomal' (i.e., \>30 kb or circular sequences with no microbial genes), or 'undetermined' (\<30 kb linear with no microbial genes) is indicated for each host class with at least five VirSorter curated data set sequences. The number of sequences associated with each host class in indicated above the histogram. (**B**) Improvement in the proportion of affiliated genes from viromes with VirSorter data set. Predicted genes from the Pacific Ocean Viromes ([@bib36]), Tara Ocean Viromes ([@bib8]), and Human Gut Viromes ([@bib53]) were compared to RefSeqVirus (May 2015) and the VirSorter data set (BLASTp, threshold of 50 on bit score and 0.001 on e-value). Predicted proteins affiliated to VirSorter (in blue) did not display any significant similarity to a RefSeq sequence.**DOI:** [http://dx.doi.org/10.7554/eLife.08490.013](10.7554/eLife.08490.013)10.7554/eLife.08490.014Figure 3---figure supplement 1.Contig map of a putative new extrachromosomal prophage.Contig Spirochaetia_gi_359585655 represent a complete genome (the contig was detected as circular) from a new genus (affiliated to a VC with no RefSeqABVir sequence). Functional affiliation of predicted genes is indicated on the map, with notably two genes (ParA/ParB) indicative of extrachromosomal prophages, as well as two genes (in orange) affiliated to the ACR_tran efflux pump family, of which some members are involved in antiobiotic resistance phenotypes. This contig belongs to the virus cluster VC_61, composed of 35 new putative extrachromosomal prophages from different Spirochetes genomes.**DOI:** [http://dx.doi.org/10.7554/eLife.08490.014](10.7554/eLife.08490.014)

To estimate how often a large (\>30 kb) genome fragment could be an integrated prophage and not capture the microbial gene content, we simulated the process for 22 different prophage-containing bacterial genomes 'sequenced' (in silico) at coverage of 5, 25, 50, 75, and 100× (see 'Material and methods'). These analyses suggested that only 2.3% of large (\>30 kb) prophage-originating contigs lacked any identifiable microbial genes. Thus, these latter 1,756 sequences must largely be extrachromosomal sequences and so represent a unique data source for quantifying the prevalence of under-studied viral infection modes including chronic infections, lytic viruses, or extrachromosomal prophages.

Although we identified no clear sequence-based marker for the first two infection types, we could conservatively estimate the fraction of extrachromosomal prophages by identifying plasmid partition genes (ParA and ParB, [@bib18]; [@bib32]; see [Figure 3---figure supplement 1](#fig3s1){ref-type="fig"} for an example of a putative extrachromosomal prophage displaying ParA-ParB genes). These genes were significantly more abundant in the 1,756 circular and large genome fragments than in the rest of the data set (13% vs 1%, respectively; poisson test p-value \< 10^−05^). Thus, at least 13% of these sequences appear to be bona fide extrachromosomal prophages, whereas the others might be lytic viruses in 'carrier' states, chronic infections, or extrachromosomal prophages without detectable ParA/ParB genes.

Beyond this glimpse into under-studied viral infection modes, these new reference genomes are likely to help improve taxonomic affiliation for the 'viral dark matter' in viromes. To quantify this, we added these sequences to the RefSeqABVir database and assigned taxonomy to predicted genes in three large-scale virome data sets available. We found that the VirSorter curated data set improved affiliation by 32 and 40%, respectively, in the marine Pacific Ocean Viromes (POV) ([@bib36]) and Tara Oceans Viromes (TOV) ([@bib8]) data sets, and more than doubled the number of affiliated genes in human gut viromes ([@bib53], [Figure 3B](#fig3){ref-type="fig"}). This particularly strong improvement in the human gut virome affiliation is presumably due to enterobacteria being abundant among current publicly available microbial genomes.

Finally, both the detection of non-integrated viral genomes and the improved virome affiliation suggest that the VirSorter curated data set includes not only integrated prophage data, but also viruses actively infecting these microbes (i.e., not integrated in the host chromosome and producing virions) with under-studied infection modes.

Long-term evolutionary patterns of bacterial and archaeal virus genomes {#s2-4}
-----------------------------------------------------------------------

Examination of the VCs network beyond classification revealed additional higher order patterns. First, bacterial and archaeal viruses clustered separately in \>99% of VCs; the exception (VC_89) included a single and unique ([@bib31]) archaeal virus (Hyperthermophilic Archaeal Virus 2, NC_014321) that clustered with 21 bacterial viruses, presumably due to poor archaeal virus representation. Second, \>95% of these VCs contained exclusively one nucleic acid type (e.g., DNA or RNA, and dsDNA or ssDNA, [Figure 2---figure supplement 1](#fig2s1){ref-type="fig"}), although RNA viral representation is low because only RefSeq-curated families *Cystoviridae* and *Leviviridae* were available (no RNA viruses were detected with VirSorter, presumably because DNA-based data sets were analyzed)*.* The 15 VCs including both ssDNA and dsDNA viral genomes are either associated with archaeal viruses for which composite ssDNA/dsDNA genomes were already described (2 VCs; [@bib71]) or more surprisingly with ssDNA *Inoviridae*, which clustered with *Caudovirales* in 13 VCs ([Figure 2---source data 1](#SD4-data){ref-type="supplementary-material"}). For 9 of these 13 *Inoviridae--Caudovirales* VCs, some of the sequences were wrongly affiliated due to genes shared by both viral families such as integrases, exonucleases, and replication-associated proteins. Two other VCs corresponded to prophage sequences that include genes similar t*o Inoviridae* an*d Caudovirales* and could actually be two different viruses integrated at the same genome location. However, the 2 remaining mixed VCs (VC_128 and VC_215) include sequences displaying a mix of *Caudovirales* and *Inoviridae* genes (VC_215 sequences also included *Corticoviridae* genes). We posit that these might represent new composite genomes beyond the ones already described for archaea viruses ([@bib71]) and the recently discovered RNA--DNA chimeric viruses ([@bib21]; [@bib67]; [@bib43]).

We next evaluated the scale and range of viral co-infection, a phenomenon critical to viral genome evolution and thought to blur this vertical gene inheritance signal used to classify genomes into VCs. Indeed, the fact that super-infection of prophage-containing bacteria would provide genomic proximity for gene acquisition via illegitimate recombination was posited more than a decade ago ([@bib55]). However, viral co-infection rates remain unconstrained with the only data for natural systems derived from a single large-scale single-cell genomic data set where ∼35% of infected cells contained multiple viruses ([@bib69]). Here, in the 5492 microbial genomes with detectable viral signal, nearly half (2445) contained more than one detectable virus ([Figure 4](#fig4){ref-type="fig"}). Most (∼82%) of these co-infections involved multiple *Caudovirales*, as previously observed ([@bib15]), and likely provides mechanism for viral gene exchange and may be more common in some phages displaying rampant mosaicism (e.g., the *Siphoviridae,* [@bib34]) than others. The second most commonly observed co-infections (9%) occurred between ssDNA *Inoviridae* and dsDNA *Caudovirales* ([Figure 4](#fig4){ref-type="fig"}). These genomes represented the mixed VCs from the network analyses and putative new composite genomes described above. Mechanistically, *Inoviridae* might be more prone to such co-infection due to their long infection cycle whereby they extrude their filamentous virions without killing their host ([@bib60]), with a dsDNA replication stage ([@bib70]) that could increase genomic exchanges with co-infecting dsDNA viruses.10.7554/eLife.08490.015Figure 4.Scale and range of co-infection.(**A**) Number of different viral sequences detected by host genome. Numbers are based on the set of microbial genomes with at least one viral sequence detected (5492 genomes). (**B**) Affiliation of viruses involved in multiple infections of the same host. Affiliations are deduced from best BLAST hits alongside the viral sequences, as in [Figure 1](#fig1){ref-type="fig"}. Co-infections involving dsDNA and ssDNA viruses are highlighted in bold.**DOI:** [http://dx.doi.org/10.7554/eLife.08490.015](10.7554/eLife.08490.015)

Together, these findings suggest that genome-based network analyses could be used to identify novel viruses, as well as to infer host domain (archaeal or bacterial, \>99% accuracy) and nucleic acid type (ssDNA or dsDNA, \>95% accuracy). Evolutionarily, we posit that while co-infection by multiple viruses appears common, the consistency of so many VCs with ICTV taxonomy suggests that most phage genomes harbor a largely vertically inherited core gene set as detected for marine T4-like populations ([@bib37]; [@bib51]; [@bib20]) rather than the rampant mosaicism paradigm largely derived from *Siphoviridae* genomes ([@bib34]). While data remain limited to a subset of the known microbial phyla, it might be that viral infection modes influence the tempo of their genome evolution. Specifically, we posit that horizontal gene transfer is more prevalent in phages that occupy host cells longer due to lysogenic or chronic infection stages and/or infect densely packed hosts (e.g., biofilms or clumped life stages) as these parameters would increase the probability of co-infection. Perhaps then, at least for more highly lytic viral groups, genome-based clustering approaches can now be leveraged for their taxonomic predictive value as suggested over a decade ago ([@bib66]).

Global virus--host network is confirmed as modular {#s2-5}
--------------------------------------------------

Beyond charting diversity and taxonomic affiliation of viral sequence space, the VirSorter data set provided a unique opportunity to explore virus--host interactions. Beyond the above-noted expansion of viruses to novel hosts, we next examined these patterns on a global scale by constructing a virus--host interaction network based on database-available taxa. When considering viral diversity at the genus level, the network displays a modular topology ([Figure 5](#fig5){ref-type="fig"} and [Figure 5---figure supplement 1](#fig5s1){ref-type="fig"}). Such modularity in virus--host interaction networks suggests that hosts are specifically associated with particular viruses ([@bib77]), probably reflecting long-term coevolution between microbial hosts and their viruses. Such modular structure was expected, but not observed in previous virus--host interaction network studies, likely due to the short phylogenetic distances between hosts evaluated in available data sets ([@bib27]). The modular network presented here derives from a data set spanning 18 phyla across bacterial and archaeal domains. These results confirmed the prediction that 'at macroevolutionary scales, host--phage interaction matrices should be typified by a modular structure' ([@bib27]), as also had been observed across 215 phage types against 286 host types of unknown diversity ([@bib28]).10.7554/eLife.08490.016Figure 5.Virus--host network between virus clusters and host classes (matrix visualization).A cell in the matrix is colored when at least one virus from a virus cluster (VC, rows) was retrieved in a genome from a host class (columns). This virus--host network is detected as significantly modular by lp-Brim (modularity Q = 0.45; the same index computed from 99 randomly permuted matrices ranged from 0.02 to 0.17, with an average of 0.08). The different modules are highlighted in color, with inter-module links in gray. Virus clusters are identified by their number and their family-level affiliation (based on BLAST-based affiliation of the cluster members) is indicated next to each cluster when available (virus clusters with inconsistent members affiliation are considered as 'unclassified', affiliations are spread along the x-axis for spacing purpose). Host phylum and class are indicated for each host column, with domains indicated above the corresponding hosts.**DOI:** [http://dx.doi.org/10.7554/eLife.08490.016](10.7554/eLife.08490.016)10.7554/eLife.08490.017Figure 5---figure supplement 1.Virus--host network between virus clusters and host classes (network visualization).An edge is displayed between a virus cluster (VC) and a host class when at least one virus from this cluster was retrieved in a genome from the host class. This network is detected as significantly modular by lp-Brim (modularity Q = 0.45; the same index computed from 99 randomly permuted matrices ranged from 0.02 to 0.17, with an average of 0.08). The different modules are highlighted in color, with inter-module links in gray. VCs are identified by their number and their family-level affiliation (based on BLAST-based affiliation of the cluster members) is indicated below each cluster when available (VCs with inconsistent members affiliation are considered as 'unclassified'). Host phylum and class are indicated for each host node, with phyla (when multiple class from the same phylum are included in the network) and domains indicated above the corresponding host nodes.**DOI:** [http://dx.doi.org/10.7554/eLife.08490.017](10.7554/eLife.08490.017)

Virus--host adaptation signals detected at the genome composition and codon usage level {#s2-6}
---------------------------------------------------------------------------------------

Finally, given the number of virus--host linkages revealed by VirSorter, we evaluated the adaptation of viral genome composition within the host milieu---an idea practiced in the literature with limited genomic information ([@bib58]; [@bib12]; [@bib13]). To this end, we computed the distance between viral and microbial genomes in terms of mono-, di-, tri-, tetra-nucleotide frequency and codon usage, and compared the distances between the virus and its host vs non-hosts in the data set. Every metric tested displayed a smaller distance between viruses and their hosts than with non-host genomes, with tetranucleotide frequency (TNF) maximizing the host to non-host distances ([Figure 6](#fig6){ref-type="fig"}).10.7554/eLife.08490.018Figure 6.Adaptation of viral genome composition and codon usage to the host genome.K--S distances between distributions of virus**--**host distances and virus--non-host distances for each metrics (in color) and different subsets of the viral sequences (all sequences, by type, and by taxonomy). Only families with more than 5 genomes are displayed (although it should be noted that the VirSorter data set includes only 6 *Microviridae* sequences). The number of sequences in each category is indicated in brackets. Distributions used to compute distances are displayed in [Figure 6---figure supplement 1](#fig6s1){ref-type="fig"}.**DOI:** [http://dx.doi.org/10.7554/eLife.08490.018](10.7554/eLife.08490.018)10.7554/eLife.08490.019Figure 6---figure supplement 1.(**A**) K--S distances between distributions of virus--host distances and virus--non-host distances for each metrics (in color) and different subsets of the viral sequences (based on the number of tRNA genes detected).The number of sequences in each category is indicated below the number of tRNA. (**B**) Distribution of k-mer distances between viral and cellular genomes and codon usage adaptation index for host, host genus, host family, and non-host (different order) genomes. For each viral genome, the distance to the host is displayed, as well as 10 randomly taken distances to genomes from each category and different subsets of the viral sequences (by taxonomy on the left column, and by number of tRNA genes on the rigth column).**DOI:** [http://dx.doi.org/10.7554/eLife.08490.019](10.7554/eLife.08490.019)10.7554/eLife.08490.020Figure 6---figure supplement 2.Distance between k-mer frequency vectors of virus genome subsamples and host genomes for *Caudovirales*.Viral genomes (1000) were randomly sub-sampled at different sizes (from 2000 to 20,000 bp). Only *Caudovirales* genomes were selected for this subsample analysis. For each size of k-mer, the result of a linear regression of distance between host or non-host and viral subsample size is indicated. The same distances for the *Microviridae* and *Inoviridae* (taken from [Figure 6A](#fig6){ref-type="fig"}) are indicated for comparison, and associated with the size of the reference genome of each group (*Enterobacteria* phage phiX174 and *Enterobacteria* phage M13). For clarity\'s sake, the almost-identical values for 2-mer, 3-mer, and 4-mer for *Microviridae* are slightly horizontally shifted.**DOI:** [http://dx.doi.org/10.7554/eLife.08490.020](10.7554/eLife.08490.020)

Among dsDNA viruses, host-correlated genome composition patterns were robust across integrated prophages and extrachromosomal genomes (i.e., viral sequences assembled outside of the main host chromosome, [Figure 6A](#fig6){ref-type="fig"}, [Figure6---figure supplement 1](#fig6s1){ref-type="fig"}). Our expectations were that prophages would be largely optimized towards the genome of their host, but that genome composition of the extrachromosomal category would be less correlated. Particularly, as cyanophage host range breadth scales with the number of tRNA genes encoded by the virus ([@bib23]), we expected that genome composition of viral genomes with many tRNA genes might have poor correlation to that of their host genomes, assuming that the viral-encoded tRNA genes could compensate for codon mismatches across hosts. However, these latter expectations were not met as viral and host genome composition correlations were strong regardless of the number of viral-encoded tRNA genes ([Figure 6---figure supplement 1](#fig6s1){ref-type="fig"}), which suggests that host-optimized viral genome composition may be beneficial even when the virus encodes its own tRNA genes.

Among ssDNA viruses, nucleotide composition of viral genomes was also correlated to host genomes, but less so than for dsDNA viruses ([Figure 6A](#fig6){ref-type="fig"}). This contrasts with a previous analysis of 500 phage genomes that did not detect any difference between dsDNA and ssDNA genomes adaptations to their host\'s genome ([@bib13]). One ssDNA viral group, the *Microviridae*, had a reduced signal for genome composition metrics except for codon usage where its signal was comparable to that of the dsDNA viruses ([Figure 6A](#fig6){ref-type="fig"}). Although this could indicate a bias linked to the small genome size of these viruses (around 5 kb), dsDNA viruses\' genomes subsampled to similar sizes displayed a minimal signal loss ([Figure 6---figure supplement 2](#fig6s2){ref-type="fig"}), which suggests other mechanisms may be driving this lower genome composition adaptation in *Microviridae*. Another ssDNA group, the *Inoviridae* had reduced genome composition and codon usage adaptation signals. Again, because *Inoviridae* release virions without killing their hosts, it is possible that the virus is exposed to host resources over a much longer time interval, lowering the selection pressure toward transcription and translation speed and efficiency, which is the main mechanism thought to drive genome composition and codon usage adaptation of viral genomes ([@bib13]).

Pragmatically, to assess whether this signal could be used to predict the host of a new virus, we calculated the distance based on TNF vectors between each VirSorter curated data set sequence and the 14,977 microbial genomes. The taxonomy of the microbial genome with the lowest distance to the viral sequence (i.e., the predicted host) was then compared to the taxonomy of the actual host (i.e., the genomic data set in which the viral sequence was identified). When the host database included all host genomes, this host prediction was 99% accurate at both the family and genus level for virus--host TNF distances lower than 4.10^−04^, 88%/51% (family/genus level) for TNF distances ranging between 4.10^−04^ and 1.10^−03^, and 70%/37% for distances greater than 10^−03^ ([Table 1](#tbl1){ref-type="table"}). When genomes from the actual host species are excluded, the accuracy of host prediction drops slightly (95%, 83%/30%, 67%/30% for the same distance ranges), and even more when all genomes from the host genus are excluded (70% and 37% at the family level, no correct genus could be predicted in that case, and only one distance lower than 4.10^−04^ was observed, [Table 1](#tbl1){ref-type="table"}). Hence, TNF comparison provides a promising in silico approach to link new viral genomes to hosts at different levels of accuracy within the taxonomic hierarchy when the suitable host reference genome is available.10.7554/eLife.08490.021Table 1.Accuracy of host prediction based on distance (d) between tetranucleotide frequencies of viral and microbial genomes**DOI:** [http://dx.doi.org/10.7554/eLife.08490.021](10.7554/eLife.08490.021)PredictedHost orderHost familyHost genusCorrectRatio (%)CorrectRatio (%)CorrectRatio (%)All reference sequences d \< 4 × 10^−04^989798.989798.989798.98 4 × 10^−04^ ≤ d \< 1 × 10^−03^10,173936192.02897188.18526151.72 1 × 10^−03^ ≤ d2508187274.64175770.0691736.56Host species excluded d \< 4 × 10^−04^212095.242095.242095.24 4 × 10^−04^ ≤ d \< 1 × 10^−03^10,003906790.64837283.69299229.91 1 × 10^−03^ ≤ d2755198171.91184066.7981829.69Host genus excluded d \< 4 × 10^−04^100.0000.0000.00 4 × 10^−04^ ≤ d \< 1 × 10^−03^9085730380.39618168.0400.00 1 × 10^−03^ ≤ d3693176847.87138837.5800.00[^3]

Data set availability {#s2-7}
---------------------

As evidenced by the improvement in virome taxonomic affiliation ([Figure 3B](#fig3){ref-type="fig"}), VirSorter curated data set should represent a useful reference data set for future virome studies. This data set also likely harbor novel biology beyond the global patterns of viral diversity and virus--host interactions presented in this manuscript, to be revealed through analyses targeted toward specific viral or host subgroups. To facilitate these follow-up studies, VirSorter curated data set is made available through two complementary websites: MetaVir and iVirus. MetaVir (project 'VirSorter', data set 'VirSorter curated data set') provides an automatic annotation of each sequence, with multiple visualization tools to explore and compare genome maps, as well as multiple ways of searching the data (by host, by phage affiliation, by taxonomic or functional affiliation of predicted genes, etc) and extract a specific subset of interest (these tools are under the tab 'Contig maps'). Nucleotide sequences from the VirSorter curated data set are also hosted at iVirus, alongside the viral clusters annotation and network (as cytoscape-ready text files), the virus--host matrix, and the complete list of viral sequence predictions in the 14,977 archaeal and bacterial genomic data sets including the category 3 predictions that are not in VirSorter curated data set (<http://mirrors.iplantcollaborative.org/browse/iplant/home/shared/ivirus/VirSorter_curated_dataset>). Finally, a summary of the sequences and clusters is provided as [Figure 1---source data 1](#SD1-data){ref-type="supplementary-material"} and [Figure 2---source data 1](#SD4-data){ref-type="supplementary-material"}, and a Data Dryad package including all annotated genbank files from the VirSorter curated data set is available (<http://dx.doi.org/10.5061/dryad.b8226>; [@bib84]).

Conclusion {#s2-8}
----------

While recent advances in high-throughput sequencing and viral metagenomics continue to expand the bounds of viral sequence space (e.g., [@bib62]; [@bib54]; [@bib10]), such viruses are typically unlinked to cognate hosts, severely limiting ecological and evolutionary inferences. Concurrently, emerging methods provide new virus--host linkage capabilities, but do not scale well with increasing data set size and complexity (e.g., [@bib5]; [@bib76]; [@bib3]; [@bib20]). Here, the mining of publicly available microbial genomic data proved to be a useful complement to these approaches as it enables the exploration of host-linked viral diversity. The resulting viral sequences hidden in microbial genomes represent a powerful data set, increasing the number of known, host-linked viruses by an order of magnitude, with analyses of these data elucidating viral dark matter in ocean and human gut viromes, as well as augmenting our understanding of viral taxonomy, viral genome evolution, and virus--host interactions on multiple fronts. While this current VirSorter data set remains limited by the cultivation bias inherent in the publicly available complete and draft microbial genomes, such bias will progressively be eliminated as SAGs are used to better map microbial dark matter (e.g., [@bib64]). Such a drastically improved map of the virosphere, together with advances in experimental approaches and theory ([@bib10]), will help reveal the eco-evolutionary forces shaping virus--host interactions across diverse ecosystems and eventually shift our inference capability from observation to prediction.

Materials and methods {#s3}
=====================

Application of VirSorter to public bacterial and archaeal genomes {#s3-1}
-----------------------------------------------------------------

A total of 14,977 bacterial and archaeal genomes (complete and draft) included in RefSeq and WGS databases ([@bib59]) were downloaded from the NCBI ftp website in March 2014 (RefSeq release 64). The 264 new candidate phyla ('Microbial Dark Matter') SAGs\' ([@bib64]) raw reads were downloaded from the JGI portal page and assembled with SPAdes Genome Assembler ([@bib6]) (default parameters). Finally, 127 SUP05 SAGs that we previously analyzed manually were added to the cellular genome pool ([@bib69]). This data set included 4240 complete genomes and 10,547 draft genomes (as there is no clear annotation of a genome as 'draft' or 'complete' at the NCBI, we identified as 'draft' genomes all genome projects including more than 5 different sequences, to avoid considering genomes split into different chromosomes or including one or several plasmids as 'draft').

Genomes were processed with VirSorter ([@bib68]) separately for each class (except for *Cyanobacteria,* SUP05 SAGs*,* and the Microbial Dark Matter data set that were all processed together), first using the RefSeqABVir database, and then using the Viromes database, yielding 89,301 total predicted viral sequences. Among these, 938 correspond to Enterobacteria phage PhiX174, which is used for quality control during Illumina sequencing, and were thus discarded.

Selection of a relevant subset of viral sequences: the VirSorter data set {#s3-2}
-------------------------------------------------------------------------

We focused on a subset of the putative viral sequences extracted from RefSeq, WGS and the Microbial Dark Matter and SUP05 SAGs (89,301 sequences), and targeted the active prophages and lytic virus signatures. To this end, we discarded all predictions lacking a viral hallmark gene or a viral gene enrichment (i.e., category 3 predictions, [@bib68]), and all prophage detections displaying viral gene enrichment only and lacking viral hallmark genes, as these are likely defective prophages for which boundaries are difficult to predict in silico and that often include bacterial genes. We next removed all linear sequences shorter than 10 kb except for sequences detected with the non-*Caudovirales* score where a threshold of 5 kb was used, as these viruses can frequently have genomes smaller than 10 kb. We also discarded all circular contigs (which should represent complete genomes) smaller than 3 kb as these are likely short repeat regions (the smallest known genome for a bacteria or archaea virus is ∼5 kb). The resulting 13,391 sequences were then manually curated to remove false positives. These false positives corresponded to defective prophages (wherein most are expected to be smaller than 10 kb), plasmid-like sequences, GTA gene clusters, and low complexity regions. In addition, this manual curation step allowed us to adjust the boundaries of some prophage predictions and/or modify the prophage vs complete viral contig automatic prediction. Consequently, 892 sequences were discarded (false-positive rate of 6.7%), leaving 12,498 curated sequences.

Among these, 7266 sequences were entirely viral (thus potentially represent lytic, chronic, or extrachromosomal lysogenic infections assembled in draft genomes), and 5232 were prophages (viral-like regions detected within a cellular genome fragment). Among the sequences detected as entirely viral, 6 were tagged in the NCBI database as bacteriophages, and 108 as plasmids. Viruses and plasmids can be difficult to distinguish, as gene exchange is known to occur between these two types of mobile genetic elements ([@bib47]). Here, 84 out of these 108 'plasmid' sequences displayed conclusive evidence of a viral origin as they contained viral hallmark genes (coding for terminase large subunits or major capsid proteins) and originated from draft unpublished genomes, hence likely to have been named 'plasmid' because they formed extrachromosomal circular assembly (see e.g., sequence gi:383080718 available at RefSeq). The 24 others were more ambiguous (highlighted in orange in [Figure 1---source data 1](#SD1-data){ref-type="supplementary-material"}) since the automatic annotation from NCBI did not display any viral-like gene, yet these sequences all displayed statistical viral-like gene enrichment, and as such were maintained in the VirSorter curated data set.

Finally, one additional ambiguous sequence, considered as entirely viral by VirSorter, was detected in the *Caldiserica* SAG (Caldiserica_bacterium_sp_JGI_0000059-M03_ID_3757). Even though this sequence looks indeed like a complete *Inoviridae* genome, it displayed a high level of similarity (99% identity) to the complete genome of *Delftia acidovorans* SPH-1 (gi:160361034, from coordinates 2300885 to 2307389). Such high similarity with another virus is suspicious, as well as the fact that the matching genome is *Delftia*, a bacterium known to contaminate some MDA reagents. This sequence was maintained in the VirSorter data set as there is no definite proof of the contamination, but the existence of a Caldiserica-infecting *Inoviridae* should be considered as uncertain until further evidence is available (and is displayed as such in [Figure 2---source data 2](#SD4-data){ref-type="supplementary-material"}).

Protein and virus clustering of the VirSorter curated data set {#s3-3}
--------------------------------------------------------------

The pool of 450,047 proteins predicted from the 12,498 viral sequences was clustered with all proteins from RefSeq and the viral metagenomes (i.e., sequences from the Viromes database) with MCL based on reciprocal best BLAST hit (threshold of 50 on score and 0.001 on e-value, [@bib24]). Most of these sequences (423,618) could be included in 22,460 protein clusters (PCs). About a third (7742) of these PCs also contained sequences from the RefSeqABVir database, and the remainder formed new PCs.

This protein clustering was then used to cluster genomes as in Lima-Mendez et al. ([@bib24]; [@bib49]). Briefly, the number of shared PCs between each pair of sequences (either RefSeq or VirSorter) is computed, and a significance value is deduced by comparing it to an expected number of shared PCs (modeled with a hypergeometric formula taking into account the number of genes of both sequences).

We used ICCC (intracluster clustering coefficient, which estimates cluster homogeneity by measuring around each node how many of its neighbors are part of the same cluster) to determine the best inflation value (from 1.5 to 5 by 0.25 increments) and significance threshold (i.e., which minimum significance was required to draw an edge between two sequences, from 1 to 50). As expected, the number of VCs formed increased with inflation and with significance. ICCC was clearly higher with the lowest threshold in significance (sig ≥ 1), regardless of the inflation value used. For the lowest significance threshold, ICCC increased with inflation, usually with a first small peak around 2 and plateau around 4. These different values of inflation did not have a major impact on the clustering though, as 95--99% of pairs of sequences were clustered similarly using inflations values of 2.75, 3, 3.25, 3.5, 3.75, 4, 4.25, 4.5, 4.75, or 5. We eventually settled for the combination yielding the highest ICCC: a significance threshold of 1 and inflation of 4 ([Figure 2---figure supplement 2](#fig2s2){ref-type="fig"}).

Taxonomic and functional affiliation of sequences and VCs {#s3-4}
---------------------------------------------------------

Taxonomic affiliation of sequences was based on hits to the RefSeqABVir database. Each profile in the database was first affiliated based on the origin of its members, with a 75% majority rule: at each taxonomic level, a profile is affiliated to a taxon if more than 75% of the profile sequences are affiliated to this taxon. Then, for each of the 12,498 viral sequences identified by VirSorter, a set of relevant hits was selected: (i) first the profile with the best hit across all genes along the sequence, and (ii) the best hit from other genes with a score close to this 'absolute' best hit in the sequence (\>75% of the score of the first best hit). The sequence was then affiliated to the Lowest Common Ancestor (LCA) of this set of relevant hits. Hence, a predicted protein will only be affiliated if pointing toward sequences or profiles typical of a viral group, and a sequence detected by VirSorter will only be affiliated if its best hits are consistent. Functional affiliation for each PC was based on the comparison of its members (predicted proteins) with PFAM (v. 27, threshold of 50 on score). VCs were affiliated based on its members affiliations if \>75% were consistent.

For the detection of new genera in the VCs, we chose to ignoring the 79 VCs that lacked large (\>30 kb) genome sequences. This 30 kb threshold is conservative as it avoids considering short genome fragments as new genera but would also overlook small non-circular viral genomes (such as some *Tectiviridae*). However, because the latter comprise a minority (∼0.1% of 12,498 sequences) of the VirSorter data set ([Figure 2](#fig2){ref-type="fig"}), we chose to retain the larger, more conservative threshold.

The 7 short circular sequences from *Bacteroidia* only detected with the Viromes database (gi 319430465, 298484481, 329959038, 423221334, 423242675, 423298785, 345651594) were targeted for further examination. Hits to PFAM domains could be found on two proteins: a relaxase (PF03432.9, score ∼170), and one replication initiator protein (PF01051.16, score ∼80). Genome organization was compared with Easyfig ([@bib74]) after aligning all genomes to the same starting point (one base before the start of the Rep-domain protein). Recruitment plots of virome contigs (extracted from [@bib41]; [@bib53]) were generated with ggplot2 and based on blastn comparison.

Host range and co-infection {#s3-5}
---------------------------

The virus--host network was assessed considering only VCs with more than 10 sequences. Hosts were grouped at the class level. The modularity Q value of the virus--host matrix was computed with the lp-BRIM module in R software (<https://github.com/tpoisot/lp-brim>). The virus--host matrix had a modularity of 0.45. The same index computed from 99 randomly permuted matrices ranged from 0.02 to 0.17, with an average of 0.07.

Co-infection was defined as the detection of several distinct viruses in one genome project (one complete genome or one SAG). However, different viral contigs in a single draft genome could also originate from a single viral genome mis-assembled in several different contigs. This will be especially true for *Caudovirales* that are the most detected viruses as well as the ones with the largest genomes. To limit the over-estimation of co-infection due to mis-assembled *Caudovirales* genomes, co-infection was only considered in the cases where multiple copies of the large subunit of the terminase were detected, because this gene is present in single copy in *Caudovirales* genomes, and usually detected even in new viruses (due to a high level of sequence conservation).

Evaluation of virus--host genome adaptation {#s3-6}
-------------------------------------------

Relative frequencies of k-mers (mono-, di-, tri-, and tetra-nucleotide) were computed with Jellyfish ([@bib50]) for every VirSorter sequence and every bacterial and archaeal genome initially mined. Mean absolute error (i.e. average of absolute differences) between k-mer frequency vectors were then computed with an in-house perl script for each pair of VirSorter sequence and cellular genome, and used as a distance metric between viruses and putative hosts. For each VirSorter sequence, a set of distances that included its host (i.e., the genome with which the sequence was initially associated) alongside 10 randomly selected sequences from the same genus, the same family, and a different order than the host were factored into in the distance distribution ([Figure 6---figure supplement 1](#fig6s1){ref-type="fig"}).

Codon usage adaptation was evaluated with cusp and cai from the European Molecular Biology Open Software Suite (EMBOSS, [@bib63]). First, codon usage bias of each bacterial and archaeal genome was computed. Then, the codon usage adaptation index (cai) was calculated for each gene between VirSorter sequences and cellular genomes. The global distribution displays the average (across genes) adaptation index for each VirSorter sequence and (as for the k-mer distances) a subset of cellular genomes including its host and 10 randomly selected sequences from respectively the same genus, the same family, and a different order than the actual host. Function-specific codon usage bias was based on the gene-by-gene adaptation between each VirSorter sequence and its host.

For each category studied, the distance between distribution of distances to host genome (in red on [Figure 5---figure supplement 1](#fig5s1){ref-type="fig"}) and distribution of distances to non-host genomes (in purple on [Figure 5---figure supplement 1](#fig5s1){ref-type="fig"}) was evaluated with a Kolmogorov--Smirnov (K--S) statistic. The codon usage adaptation indexes for the different functional categories were compared to the 'other functions' values with a Wilcoxon signed-rank test to detect categories with statistically different averages. Both statistics were computed with R software.

To evaluate the effect of small genome size on distance between k-mer frequencies, a sub-sample of 1000 *Caudovirales* was randomly taken at different sizes (from 2000 to 20,000 bp), and the same procedure as for complete sequences was used to determine the distance between host and non-host distributions of k-mer distances. Even though the signal was slightly less strong for shorter fragments, this simulation indicates that genome size is not the only factor that could explain such low viral--host genome adaptation for ssDNA viruses.

The prediction of the host taxonomy for each viral sequence was based on the microbial genome with the lowest tetramer frequency distance to the viral sequence. A prediction was considered as 'correct' when this closest microbial genome taxonomy was the same as the original genome in which the viral sequence was detected. This prediction was computed using (i) all microbial genomes, (ii) only genomes from a different species than the actual host (i.e., the genome in which the viral sequence was originally detected), and (iii) only genomes from a different genus than the actual host.

Estimation of virome affiliation improvement and prophage assembly efficiency {#s3-7}
-----------------------------------------------------------------------------

Protein sequences predicted from the POV ([@bib36]), TOV ([@bib8]), and human gut viromes ([@bib53]) data sets were compared to RefSeqABVir (Jan. 2014) using BLAST (blastp, threshold of 50 on bit score and 0.001 on e-value). Those proteins that did not affiliate at \>50 bit score and \<0.001 e-value thresholds were considered 'unclassified' and then used as queries in a secondary BLAST (blastp with the same thresholds) against the predicted proteins from the VirSorter curated data set. Any unclassified proteins matching the VirSorter data set better were considered newly affiliated.

To evaluate the efficiency of prophage assembly, we simulated genome sequencing from 23 bacterial genomes with identified prophages (NC_000907 NC_000913 NC_000964 NC_002570 NC_002655 NC_002662 NC_002695 NC_002935 NC_003030 NC_003212 NC_003295 NC_003366 NC_003997 NC_004070 NC_004307 NC_004310 NC_004431 NC_004557 NC_004567 NC_004668 NC_004722 NC_005085 NC_005362). NeSSM ([@bib38]) was used to simulated HiSeq Illumina reads (100 bp paired-ends) with a coverage of the prophage region varying between 5×, 25×, 50×, 75×, and 100×. Reads were then assembled with Idba_ud ([@bib57]), and viral contigs were predicted with VirSorter ([@bib68]). On the 481 contigs larger than 30 kb detected as viral by VirSorter, 11 were considered as 'entirely viral' even though these originated from integrated prophages, resulting in a 'false-positive' ratio of integrated prophages wrongly considered as extrachromosomal viral genomes of 2.3% for contigs of 30 kb and more. As could be expected, this same 'false-positive' ratio was higher for smaller contigs (12.06% for contigs \<20 kb, and 22.81% for contigs \<10 kb), so that we considered the origin of these small contigs as 'undetermined', since they may come from integrated prophages or extrachromosomal genomes.

All scripts used in this study are available on the TMPL wiki as a zip package: <http://tmpl.arizona.edu/dokuwiki/doku.php?id=bioinformatics:scripts:vsb> and on github: <http://github.com/simroux/virsorter-curated-dataset-scripts-package>.
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The following dataset was generated:

Roux S, Hallam SJ, Woyke T, Sullivan MB, 2015,Data from: Viral dark matter and virus-host interactions resolved from publicly available microbial genomes,<http://datadryad.org/resource/doi:10.5061/dryad.b8226>,Available at Dryad Digital Repository under a CC0 Public Domain Dedication.
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eLife posts the editorial decision letter and author response on a selection of the published articles (subject to the approval of the authors). An edited version of the letter sent to the authors after peer review is shown, indicating the substantive concerns or comments; minor concerns are not usually shown. Reviewers have the opportunity to discuss the decision before the letter is sent (see [review process](http://elifesciences.org/review-process)). Similarly, the author response typically shows only responses to the major concerns raised by the reviewers.

\[Editors' note: this article was originally rejected after discussions between the reviewers, but the authors were invited to resubmit after an appeal against the decision.\]

Thank you for choosing to send your work entitled "Viral dark matter and virus-host interactions resolved from publicly available microbial genomes" for consideration at *eLife*. Your full submission has been evaluated by Diethard Tautz (Senior editor) and three peer reviewers, one of whom is a member of our Board of Reviewing Editors, and the decision was reached after discussions between the reviewers. One of the three reviewers, Ken Stedmann, has agreed to share his identity.

All reviewers agreed that virus diversity and ecology are very important topics that deserve more attention and new approaches. The large set of putative viral sequences is impressive and the patterns of host association are intriguing, but we felt that the analysis didn\'t deliver much novel insight into the evolution of "viral dark matter". A more in depth analysis covering multiple scales of evolution would be necessary to make significant progress in this direction. As it stands, the manuscript describes in broad terms a data set generated with a tool that is supposed to be published elsewhere. The usefulness of the data set as a resource for others remains limited without a feature rich data base that allows convenient exploration and access. Hence we don\'t feel that your manuscript is appropriate for publication as a Research article in *eLife*.

Reviewer \#1:

Roux and colleagues analyze a large set of putative viral sequences mined from published bacterial and archaeal genomes using a software that is described in a manuscript that is currently under review elsewhere (and provided to the reviewers). The method seems sound and I think the majority of the reported viral sequences are genuine. The authors use this large set (10 fold larger than existing data bases) to investigate patterns of host adaptation, host range, and virus taxonomy.

The main results reported are:

\(i\) \> 12000 sequences fall into ∼600 clusters, half of which contain known viruses;

\(ii\) Viruses are well adapted to their hosts, across virus types and proteins;

\(iii\) Viruses are mostly host specific and virus/hosts define modules.

These results make sense and are mostly expected, the novel element here is to be able to do it on a massive scale. I have a couple of other comments/criticisms:

1\) Only the more reliable predictions were used. How do things change when less stringent criteria are used?

2\) Is there a sense of saturation: if one had done the study a few years ago with fewer genomes, how many clusters would have been found? Are some parts of the bacterial world exhausted, where do the new sequences come from?

3\) What can be learned from this for future efforts to detect viruses? How should sequencing be targeted?

4\) Coinfection: the number of viruses per genome seem compatible with random. What can really be learned from this? Does this reflect the number of concomitant infections, or the number of genomes deposited in this genome in the past (like endogenous retroviruses in mammals)?

5\) How are others supposed to use this? A data set of this size needs tools to analyze. Are the authors going to develop a data base with interactive views etc?

6\) This is a computational study. I expect the scripts and code to be deposited.

Reviewer \#2:

In this manuscript the authors describe an approach to increase our knowledge about prokaryotic viruses (phages) by mining prokaryotic genomes available in public repositories. It is an excellent idea that makes a lot of sense and is badly needed to increase the knowledge about the sequence space of phages presently very biased and incomplete. It can also provide a great contribution into one of the conundrums of phage biology, the infection range without the bias of culture. However, I have mixed feelings about this manuscript. On the one hand it is very comprehensive including all genomes in repositories (including many draft genomes) but the results are a bit disappointing and provide very little novelty. That the pattern of infection at large phylogenetic scale will be modular was largely expected from classical work with cultures. But the most relevant question is whether at short phylogenetic distances is nested what is left unanswered. Maybe a problem that is general to these "big data" analysis is the gross level of detail. I wonder why the authors do not provide analysis at the fine resolution level i.e. phages detected within a single species or genus. At the broad level analysed here most of the results are very predictable from classic approaches. The use of draft genomes and the possibility of discriminating plasmids from phages is another question that is left untouched in both this manuscript and the previous submission. There is a gradient in nature between infective phages and conjugative elements and establishing the borderline might be risky.

In summary I missed some more fine grained analysis of examples in this big data approach.

Reviewer \#3:

I find this to be a very well-written report of the application of a new bioinformatic tool (VirSorter) developed by some of the authors. This tool has been applied to data mining of the available and rapidly growing genomic datasets and thereby has increased the number of putative (mostly partial) viral genomes by ten-fold. Due to association with both known genomes and SAG genomes from known sources, the analysis allowed identification of potential viruses in hosts for which no known viruses are currently available. This is clearly a boon to researchers working on these organisms. I find the tetranucleotide analysis of viral genomes in order to possibly identify hosts for these viruses to be particularly attractive and plan on using it in my own research.

I am not convinced of the premise stated in the title and Abstract that this analysis provides much insight into viral dark matter or virus-host interactions. This tool enables further investigations that would allow that insight, which would otherwise be extremely difficult if not unfeasible.

I wonder if the manuscript describing the development and testing of the tool (which was submitted together with this manuscript) could be combined into one manuscript.

\[Editors' note: what now follows is the decision letter after the authors submitted for further consideration.\]

Thank you for resubmitting your work entitled "Viral dark matter and virus-host interactions resolved from publicly available microbial genomes" for further consideration as a Tools and resources article at *eLife*. Your revised article has been favorably evaluated by Diethard Tautz (Senior editor) and a Reviewing editor. The manuscript has been improved but there are some remaining issues that need to be addressed before acceptance, as outlined below:

1\) Data availability: given that this is now being considered as a Tools and resources article, we feel that the data availability section should be more prominent. We suggest to move the availability section up (possibly before the conclusions) and provide a little bit more detail. iVirus.us itself seems like a rather hollow shell -- clicking on data access yields a 502 bad gateway error. As far as I can tell, everything happens within the discovery environment of iPlant for which registration is necessary. Please elaborate a little bit. The MetaVir environment seems useful, but some of the MetaVir analysis haven\'t completed yet. In addition, we think that the "richly annotated genbank files" (promised in the rebuttal letter) should be made available not only on the author\'s website but uploaded to a big-data repository such as data dryad.

2\) It seems the authors have misunderstood the request for making the scripts available. We were not asking for the VirSorter scripts, but the scripts that analyze the VirSorter data set to produce figures and results of the paper. Those scripts provide the most accurate description of the methods, and in the interest of reproducibility, they should -- whenever possible -- be made available. The preferred place would be a separate GitHub repository.

3\) Host association figure: We continue to be underwhelmed by this figure. There are lots of lines which clearly fall into a handful of modules, but within these modules it is pretty hard to see what is going on. Maybe a two-way clustering would be more insightful. Consider a distance matrix d_ij, where d_ij is the fraction of sequences in viral cluster (VC) i that come from genomes of host phylum j, maybe normalized for the abundance of genomes from phylum j. Then cluster this matrix both by VC and host, similar to RNA-seq being clustered by gene and tissue. The modules should show up as blocks on the diagonal, while promiscuous affiliations are off-diagonal terms. What exactly the distance matrix d_ij should be requires some thought and there are probably better choices then this proposal. But if something like this would work out, it could be more informative than the current figure. Keeping one as a supplement of the other could be a good solution.

10.7554/eLife.08490.023

Author response

*All reviewers agreed that virus diversity and ecology are very important topics that deserve more attention and new approaches. The large set of putative viral sequences is impressive and the patterns of host association are intriguing, but we felt that the analysis didn\'t deliver much novel insight into the evolution of* "*viral dark matter*"*. A more in depth analysis covering multiple scales of evolution would be necessary to make significant progress in this direction. As it stands, the manuscript describes in broad terms a data set generated with a tool that is supposed to be published elsewhere. The usefulness of the data set as a resource for others remains limited without a feature rich data base that allows convenient exploration and access. Hence we don\'t feel that your manuscript is appropriate for publication as a Research article in* eLife.

We can appreciate that a manuscript introducing 12,498 new phage genomes (whole and large fragments) leaves a feeling of unfinished business no matter how it is written. Seeing these reviews also help us see that we failed to really start out with a quantitative metric of "impact" as to us the scale alone (augmenting available phage genome sequences by an order of magnitude) was a closed case. This is because the last decade has seen microbial ecology transformed by large scale datasets including the Global Ocean Survey microbial metagenomics dataset (Rusch et al. PLoS Biology, 2007) and the first viral metagenomic dataset (Angly et al. PLoS Biology, 2006) -- papers which have 1383 and 613 citations, respectively. At the same time, viral ecology is paralyzed by the dominance of "unknowns" in metagenomics studies as commonly 63--93% of new viral metagenomic reads are new to science, presumably because we only have just over a thousand phage genomes and they derive largely (85%) from only 3 of 45 bacterial phyla.

How much of a difference will our 12,498 host-associated phage genomes improve the situation? A new analysis we include here shows that they as much as double the number of affiliated proteins for some environmental viromes (∼35% for seawater viromes vs ∼100% for human gut virome; see [Author response image 1](#fig7){ref-type="fig"}). Thus we hope this more clearly emphasizes how single study's dataset alone will be foundational for future ecology studies seeking to "see" viruses in microbial datasets and to affiliate viruses in viral datasets. These new results were added to the revised manuscript (text and new [Figure 3B](#fig3){ref-type="fig"}).10.7554/eLife.08490.024Author response image 1.Improvement in the proportion of affiliated genes from viromes with VirSorter dataset.Predicted genes from the Pacific Ocean Viromes ([@bib36]), Tara Ocean Viromes ([@bib8]) and Human Gut Viromes (Minot et al., 2013) were compared to RefSeqVirus (May 2015) and the 12.5k VirSorter dataset (BLASTp, threshold of 50 on bit score and 0.001 on e-value). Predicted proteins affiliated to VirSorter (in blue) did not display any significant similarity to a RefSeq virus, but can now be associated with a phage and a host through the VirSorter database.**DOI:** [http://dx.doi.org/10.7554/eLife.08490.024](10.7554/eLife.08490.024)

As well, we can see that we failed to clearly articulate to the reviewers the specific biological advances made in this manuscript. To summarize these advances, we list the major advances here, any single of which, I would argue, could be the sole focus of a strong, top-tier manuscript.

1\) The amount of viral signal in publicly deposited genomes (12.5k highly confident viral sequences in 15k bacteria and archaea genomes) is unexpectedly high since we focused our analysis on "active" infections by excluding fragmented genomes likely to be defective or decayed prophages.

2\) This study is the first to attempt to quantify the lesser studied types of viruses and finds viral genomes not integrated in the host genome to be rather abundant (\>1k sequences were identifiable, subsection "New viruses detected in public microbial genomic datasets with VirSorter"). These could represent extrachromosomal prophages, chronic, or "cryptic" lytic viruses (i.e. lytic viruses that goes unnoticed in a culture), all infection types that are understudied and with unknown and likely underestimated ecological impacts.

3\) Genome-based clustering analyses revealed that approximately half of the observed viral clusters in the VirSorter dataset lacked known reference genomes (subsection "264 new putative viral genera identified through genome-based network clustering", last paragraph). Obtaining complete or near-complete genomes and documenting the host range for these new groups is critical for mapping the virosphere, especially because while other approaches (e.g., viral metagenomics) can help identify non-cultivated viral diversity, these lack this host association. Highlightable "firsts" here include the first viral genomes for 9 bacterial phyla (subsection "Long-term evolutionary patterns of bacterial and archaeal virus genomes" and [Table 1](#tbl1){ref-type="table"}, see also [Author response image 2](#fig8){ref-type="fig"}), which is about as much from all published literature to date, as well as a new *Bacteroides* virus, unrelated to any virus previously described that likely represents a new viral order (subsection "New viruses detected in public microbial genomic datasets with VirSorter", third paragraph).10.7554/eLife.08490.025Author response image 2.Viral sequences distribution of RefSeq and VirSorter dataset.For each host group, a circle proportional to the number of viral genomes available is noted in red for RefSeq and blue for VirSorter. Hosts for which no RefSeq references were available are highlighted in bold.**DOI:** [http://dx.doi.org/10.7554/eLife.08490.025](10.7554/eLife.08490.025)

4\) The fraction of microbes in any environment that are co-infection by more than one virus remains a fundamental, yet largely (completely?) unknown number in any environment. Here we show that co-infection is common (∼50% of cells are co-infected, l. 242) and many of these co-infections are by more than one type of virus. Such co-infections likely have far-reaching implications for viral genome evolution, as they provide opportunity for gene exchange, so quantifying the co-infection frequency across viral groups offers insight into how genomically promiscuous one viral group might be relative to another.

5\) While not completely novel observations, we also perform analyses that confirm, with a much larger dataset, prior work in key areas that are desperately needed in viral taxonomy and ecology. First, genome network analysis helps classify new viruses in a robust genome-based taxonomic framework that is largely consistent with accepted ICTV taxonomy (subsection "264 new putative viral genera identified through genome-based network clustering"). Second, leveraging this unprecedentedly large-scale, host-associated viral genomic dataset, we show that tetranucleotide frequency distance is a surprisingly robust predictor of the host of most viruses. Again, while not novel knowledge, working at this scale we added an effort to quantify the probabilistic value of these predictions across multiple host phyla, as well as compared the performance of tetranucleotide frequency to 4 other sequence composition based metrics to help provide strong guidance to researchers on using this metric. Perhaps this is why in spite of the idea being in the literature for some time, reviewer \#3 notes: "I find the tetranucleotide analysis of viral genomes in order to possibly identify hosts for these viruses to be particularly attractive and plan on using it in my own research*.*" Third, the modular pattern of a global virus-host network was indeed predicted by theoretical models, although the only study of comparable size observing a modular virus-host network (Flores et al., ISMEJ, 2011) was based on plaque formation on host cultures where genetic diversity was unknown. Here, we validate the modularity with an unprecedentedly large-scale dataset that includes microbes spanning 18 phyla, and add information about the level of taxonomy at which the virus-host network is modular (as we expect it to become nested at one point, near the "tip of the tree"). Fourth, the dominance of Caudovirales in the dataset, as well as the clear separation between DNA and RNA viruses as well as Archaeal and Bacterial viruses were all expected based on the previous knowledge on viral diversity, and so these findings are largely only confirmatory.

To better emphasize these results, we added a new figure displaying more clearly how the curated VirSorter dataset expands the range of known viruses ([Figure 1](#fig1){ref-type="fig"}), and re-organizing the manuscript so that the first three subparts of Results section are now entirely dedicated to the exploration of this new diversity (subsection "New viruses detected in public microbial genomic datasets with VirSorter"). The questions of viral classification through genome-based network, virus-host interactions and adaptations are then addressed in three more subsections ("Long-term evolutionary patterns of bacterial and archaeal virus genomes", Global virus--host network is confirmed as modular" and "Virus--host adaptation signals detected at the genome composition and codon usage level"). We hope that this new organization brings more balance to the manuscript and helps to better introduce the dataset before actually switching to secondary analyses.

Another issue that the reviewers had was that there was the perception of a lack of depth in the manuscript. We acknowledge that the format of the manuscript follows a style in which only global patterns are presented. This is similar to how Rinke et al*.* (2013 Nature) handled their explorations of microbial dark matter -- and is a common strategy for getting such big datasets out to specialists for follow-on analyses. Such follow-up studies will undoubtedly be extremely interesting and critical for the field. However, we chose to play to the strengths of the data and consider only global-scale stories.

Notably, *eLife* recently published a manuscript describing comparative phage genomics of 627 mycobacteriophage genomes (Whole genome comparison of a large collection of mycobacteriophages reveals a continuum of phage genetic diversity, Pope et al., 2015. *eLife*). The major findings in the manuscript (e.g., phage genomes are part of a genetic continuum) are consistent with and redundant to the findings from at least 5 previously published papers by the same group (Hendrix et al., PNAS, 1998; Pedulla et al., Cell, 2003; Jacobs-Sera et al., Virology, 2012; Cresawn et al., PLoS One, 2015) yet the value of such a large-scale dataset is paramount currently for future studies of the ecology, evolution and genomics of phages, which is presumably why the study was accepted at *eLife*.

Finally, the last two criticisms in the editor's summary were as follows:

1\) *"the manuscript describes in broad terms a data set generated with a tool that is supposed to be published elsewhere."* The manuscript describing the methodological details of the tool is now published VirSorter: mining viral signal from microbial genomic data", S Roux, F Enault, BL Hurwitz, MB Sullivan, PeerJ 3, e985.

2\) *"The usefulness of the data set as a resource for others remains limited without a feature rich data base that allows convenient exploration and access."* We strongly agree that providing convenient and enriched access to data and tools is crucial for researchers, as can be seen by the previous projects of the lead author who developed and maintain one of the only viral metagenomic databases and analysis tools publicly available (MetaVir), and the senior author's laboratory which has been building iVirus on the back of the NSF-funded iPlant Cyberinfrastructure in spite of a lack of funding for the project. In fact, both projects are unfunded, yet we maintain and/or develop the efforts as they represent our commitment to getting the data and tools into researchers hands to enable them to better "see" the viruses in their datasets. Although we did not emphasize this in the manuscript, a mistake we would correct in a revised manuscript, we intend to make the dataset available on these two complementary websites (MetaVir and iVirus). MetaVir provides an automatic annotation of each sequence, with multiple visualization tools to explore and compare genome maps, as well as multiple ways of searching the data (by host, by phage affiliation, by gene taxonomic or functional affiliation, by size, etc) and extract a specific subset of interest. iVirus offers optimized data repository features as well as numerous analytical tools for comparative genome analyses and metagenomic fragment recruitment analyses (BLAST, bwa and bowtie2 read aligners, multiple flavors of functional gene annotation, phylogenetic tree building pipelines, etc.). Finally, a summary of the sequences and clusters is provided as supplementary files, and both the raw data and richly annotated sequences (genbank file format, including taxonomic and functional affiliation of all genes) will be available to download on Sullivan's publications webpage should the paper be accepted -- just as we do for other datasets of community interest (e.g., the Pacific Ocean Viromes and the Tara Oceans Viromes datasets). The information about the dataset availability was added to the Material and methods (subsection "Dataset and script availability").

In summary, we would argue that there is no greater challenge to exploring the ecology and evolution of viral communities in diverse ecosystems (e.g., oceans, soils, humans) than the lack of reference genomes that cause dominance by 'viral dark matter'. Above we have tried to more carefully articulate the major advances this study makes, and we emphasize that the reviewers also noted the quality of the work and its relevance for the field (Reviewer 2: *"It is an excellent idea that makes a lot of sense and is badly needed to increase the knowledge about the sequence space of phages presently very biased and incomplete."*, Reviewer 3: *"This is clearly a boon to researchers working on these organisms."*). We hope that the new figures ([Figures 1--, 2 and 3](#fig1 fig2 fig3){ref-type="fig"}), the added results and new organization of the manuscript helped to bring out how valuable VirSorter curated dataset is, and what insights into virus-host interactions were obtained. Please find below a point-by-point response to the reviewers comments.

Reviewer \#1:

*Roux and colleagues analyze a large set of putative viral sequences mined from published bacterial and archaeal genomes using a software that is described in a manuscript that is currently under review elsewhere (and provided to the reviewers). The method seems sound and I think the majority of the reported viral sequences are genuine. The authors use this large set (10 fold larger than existing data bases) to investigate patterns of host adaptation, host range, and virus taxonomy*.

The main results reported are:

*(i) \> 12000 sequences fall into ∼600 clusters, half of which contain known viruses*;

*(ii) Viruses are well adapted to their hosts, across virus types and proteins*;

*(iii) Viruses are mostly host specific and virus/hosts define modules*.

*These results make sense and are mostly expected, the novel element here is to be able to do it on a massive scale*.

We acknowledge that some results mostly confirm what could be predicted based on smaller scale studies, but we feel that we have made significant new discoveries and phenomenological observations in exploring the global scale patterns in this dataset. We hope that our efforts above (response to editor's summary) now better articulate the specific advances made in this manuscript.

*I have a couple of other comments/criticisms*:

*1) Only the more reliable predictions were used*. *How do things change when less stringent criteria are used?*

We appreciate the suggestion of including the category 3 predictions (∼90K sequences) in our analyses. During the data exploration phase of preparing this manuscript, we examined the category 3 predictions but found it to be of mixed use since we were focused on viral sequence space in this manuscript. We went into some detail about this in the "tool" manuscript in PeerJ*,* but also here explicitly caution the reader about the value of category 3 predictions. Specifically, "we discarded all predictions lacking a viral hallmark gene or a viral gene enrichment \[...\] as these are likely defective prophages for which boundaries are difficult to predict in silico and that often include bacterial genes" (subsection "Selection of a relevant subset of viral sequences: the VirSorter dataset"). While we were focused here on the higher confidence viral genome sequences (category 1 and 2 predictions), the category 3 predictions are of great value to specialists interested in defective prophages, mobile elements or microbial genomic islands. We hope with this added context that you can appreciate our decision to focus in this way and yet also make the category 3 predictions available through this study since they could be of value for follow-on work.

2\) Is there a sense of saturation: if one had done the study a few years ago with fewer genomes, how many clusters would have been found? Are some parts of the bacterial world exhausted, where do the new sequences come from?

Because this study leverages 15K publicly available microbial genomes, it is not an ideal dataset from which to draw conclusions about saturation. Notably, however, we saw that even well studied groups, such as *Gammaproteobacteria* and *Bacilli,* do not appear saturated as new VCs (i.e., those lacking a RefSeq reference) were detected here too (new [Figure 2B](#fig2){ref-type="fig"}). We do see this as an ideal question to approach in the future using VirSorter -- once the floods of SAGs data are available as these sequences will better span the microbial tree of life and provide context for both lytically infecting and cell-associated (prophage, extrachromosomal, chronic, etc.) infecting viruses.

3\) What can be learned from this for future efforts to detect viruses? How should sequencing be targeted?

This is a question each individual researcher will need to answer based upon their particular research question of interest -- are you interested in capturing sequence breadth or depth? It's an age-old trade-off and one we do not answer well here since even this scale of data is not very deep in any one category yet since we leveraged public data rather than develop an explicit experimental sampling strategy.

*4) Coinfection: the number of viruses per genome seem compatible with random. What can really be learned from this? Does this reflect the number of concomitant infections*, *or the number of genomes deposited in this genome in the past (like endogenous retroviruses in mammals)?*

Unfortunately, discerning genomes previously deposited in the host genome from active viral infections in silico is nearly impossible. We conservatively focus on sequences that are likely to be active and not past infections as we only consider prophages that included the capsid-associated genes (viral hallmark genes). Thus, the 12.5k sequences likely underestimate the total number of viruses in the dataset (since we miss those with unrecognizable capsid genes), but should conservatively identify active infections that represent some combination of lytic infections, prophages and chronic infections. We added a discussion about active viruses (subsection "VirSorter curated dataset includes extrachromosomal genomes and improves virome affiliation").

*5) How are others supposed to use this? A data set of this size needs tools to analyze. Are the authors going to develop a data base with interactive views etc*.*?*

We carefully considered for some time how best to make these data available and in the end chose to make it available through the iPlant Cyber infrastructure, which allows to easily share large sequences datasets, and the MetaVir web server, which generates automatically annotated contig maps searchable by function, taxonomy, or host taxonomy (details in the response to editor\'s summary above). Notably, all viral genomes are made available in a fully-annotated genbank format that could be utilized by researches in any number of genome browsers (e.g., Artemis) for follow-on analytics using the tool of choice. It is beyond the scope of this manuscript or our lab to develop interactive data interrogation tools for these data as these efforts are often large-scale projects (e.g., iPlant is a \$100M NSF Center, KBase is \$100M DOE Center).

*6) This is a computational study. I expect the scripts and code to be deposited*.

We agree, and apologize for not displaying this clearly in the manuscript. All of our code was previously made publicly available through GitHub and a community-available version is implemented through the iPlant Cyberinfrastructure. These details were in the prior, PeerJ publication that describes the VirSorter tool, but we now also point readers to these details in the current manuscript (subsection "Dataset and script availability").

Reviewer \#2:

*In this manuscript the authors describe an approach to increase our knowledge about prokaryotic viruses (phages) by mining prokaryotic genomes available in public repositories. It is an excellent idea that makes a lot of sense and is badly needed to increase the knowledge about the sequence space of phages presently very biased and incomplete. It can also provide a great contribution into one of the conundrums of phage biology, the infection range without the bias of culture. However, I have mixed feelings about this manuscript. On the one hand it is very comprehensive including all genomes in repositories (including many draft genomes) but the results are a bit disappointing and provide very little novelty. That the pattern of infection at large phylogenetic scale will be modular was largely expected from classical work with cultures. But the most relevant question is whether at short phylogenetic distances is nested what is left unanswered. Maybe a problem that is general to these* "*big data*" *analysis is the gross level of detail. I wonder why the authors do not provide analysis at the fine resolution level i.e. phages detected within a single species or genus. At the broad level analysed here most of the results are very predictable from classic approaches. The use of draft genomes and the possibility of discriminating plasmids from phages is another question that is left untouched in both this manuscript and the previous submission. There is a gradient in nature between infective phages and conjugative elements and establishing the borderline might be risky*.

In summary I missed some more fine grained analysis of examples in this big data approach.

We thank the reviewer for these kind words. Indeed, these more detailed analyses would likely be extremely interesting, however the density of the current manuscript (see the reply to editor\'s summary) hardly allows for the addition of more results, which would also lead to additional Introduction and Discussion. In the response to the editor's summary above, we describe our rationale for why we hope to keep the manuscript focused on the big picture or global-scale analyses.

Reviewer \#3:

I find this to be a very well-written report of the application of a new bioinformatic tool (VirSorter) developed by some of the authors. This tool has been applied to data mining of the available and rapidly growing genomic datasets and thereby has increased the number of putative (mostly partial) viral genomes by ten-fold. Due to association with both known genomes and SAG genomes from known sources, the analysis allowed identification of potential viruses in hosts for which no known viruses are currently available. This is clearly a boon to researchers working on these organisms. I find the tetranucleotide analysis of viral genomes in order to possibly identify hosts for these viruses to be particularly attractive and plan on using it in my own research.

*I am not convinced of the premise stated in the title and Abstract that this analysis provides much insight into viral dark matter or virus-host interactions. This tool enables further investigations that would allow that insight, which would otherwise be extremely difficult if not unfeasible*.

We thank the reviewer for the kind words. Although we agree that the tool enables exciting potential follow-up investigations, we still consider that the description of such a vast dataset, that includes (as noted by the reviewer) potential viruses for host groups with no currently isolated virus, is akin to taking one (giant) step into the viral dark matter. Notably, using this host-associated viral sequences as a complementary database doubled the ratio of affiliated genes from human gut viromes (see [Author response image 1](#fig7){ref-type="fig"}). The description of the different viral clusters linked to these new viruses and associated with specific host groups is for us what we consider as new insights into viral dark matter and virus -host interactions. Clearly we failed to articulate those advances in the submitted manuscript, but hope that our response to the editor's summary above helps more clearly make our case. We hope this revised manuscript is better at bringing these points out.

*I wonder if the manuscript describing the development and testing of the tool (which was submitted together with this manuscript) could be combined into one manuscript*.

We had felt similarly and previously prepared a manuscript combining the tool and the findings presented in this current manuscript. Unfortunately, 18 months ago such a "merged" manuscript did not review well as frustrated both informaticists and biologists each desiring more detail. Thus we chose to separately publish the tool VirSorter: mining viral signal from microbial genomic data, S Roux, F Enault, BL Hurwitz, MB Sullivan, PeerJ 3, e985 -- and here present its first application to ∼15K publicly available bacterial and archaeal genomes (this study).

\[Editors' note: what now follows is the decision letter after the authors submitted for further consideration.\]

*1) Data availability: given that this is a Tools and Resources article, we feel that the data availability section should be more prominent. We suggest to move the availability section up (possibly before the conclusions) and provide a little bit more detail. iVirus.us itself seems like a rather hollow shell -- clicking on data access yields a 502 bad gateway error. As far as I can tell, everything happens within the discovery environment of iPlant for which registration is necessary. Please elaborate a little bit. The MetaVir environment seems useful, but some of the MetaVir analysis haven\'t completed yet. In addition, we think that the* "*richly annotated genbank files*" *(promised in the rebuttal letter) should be made available not only on the author\'s website but uploaded to a big-data repository such as data dryad*.

We agree with the idea of placing more emphasis on data availability and appreciate the suggestions for how to do so. To this end, we have:

A\) Created a "Dataset availability" section. This section is located at the end of the manuscript just before the conclusions, and now details the different places where the VirSorter Curated Dataset and the associated results are available.

B\) Created a direct iVirus link for the datasets. As noted by the reviewers, the structure of iVirus is very young and still in development for the most part. However, we will leverage here a new feature in iVirus which allows for direct access to a set of files linked to a publication without the need for registration. This link provides direct access: <http://mirrors.iplantcollaborative.org/browse/iplant/home/shared/ivirus/VirSorter_curated_dataset>. We added this link to the manuscript in this new section ("Dataset availability").

C\) Made the annotated genbank files available via DataDryad. These are organized by host and provided as a zip package now uploaded to DataDryad (DataDryad package [dryad.b8226](https://datadryad.org/resource/doi:10.5061/dryad.b8226)) and added this information in the subsection "Dataset availability"of the revised manuscript.

*2) It seems the authors have misunderstood the request for making the scripts available. We were not asking for the VirSorter scripts, but the scripts that analyze the VirSorter data set to produce figures and results of the paper. Those scripts provide the most accurate description of the methods, and in the interest of reproducibility, they should -- whenever possible -- be made available. The preferred place would be a separate GitHub repository*.

Indeed, we misunderstood the former request from the reviewers. To rectify this, we have now prepared the scripts used to produce the results in this manuscript for public release on our lab wiki (the corresponding link: <http://tmpl.arizona.edu/dokuwiki/doku.php?id=bioinformatics:scripts:vsb>) and a GitHub repository (<https://github.com/simroux/virsorter-curated-dataset-scripts-package>).

*3) Host association figure: We continue to be underwhelmed by this figure. There are lots of lines which clearly fall into a handful of modules, but within these modules it is pretty hard to see what is going on. Maybe a two-way clustering would be more insightful. Consider a distance matrix d_ij, where d_ij is the fraction of sequences in viral cluster (VC) i that come from genomes of host phylum j, maybe normalized for the abundance of genomes from phylum j. Then cluster this matrix both by VC and host, similar to RNA-seq being clustered by gene and tissue. The modules should show up as blocks on the diagonal, while promiscuous affiliations are off-diagonal terms. What exactly the distance matrix d_ij should be requires some thought and there are probably better choices then this proposal. But if something like this would work out, it could be more informative than the current figure. Keeping one as a supplement of the other could be a good solution*.

We thank you for helping us see the issues with this figure better. To clarify these results, we modified the figures and represent the same network (and the same modules, identified through lp-brim) in a matrix form as suggested by the reviewers. Although we find that the overall "shape" of the network is not as apparent as in the "network" visualization, the "matrix" plot makes it indeed easier to identify the connections between virus clusters and host groups. The new figure ("matrix" visualization) was thus added as [Figure 5](#fig5){ref-type="fig"}, and the former [Figure 5](#fig5){ref-type="fig"} is now displayed as [Figure 5--figure supplement 1](#fig5s1){ref-type="fig"}. We hope that these two representations together help present the findings in a manner that is most informative.

[^1]: Department of Microbiology, The Ohio State University, Columbus, United States.

[^2]: Department of Civil, Environmental, and Geodetic Engineering, Columbus, United States.

[^3]: For each viral genome, the order, family, and genus of its host were predicted from the taxonomy of the closest microbial genome (based on the mean absolute difference between tetranucleotide frequency vectors) and compared to the order, family, and genus of the actual host (i.e., the taxonomy of the genome with which the virus was identified). These predictions were computed with (i) all microbial genomes, (ii) excluding specifically all genomes from the host species, and (iii) excluding all genomes from the host genus. Cases with over 75% of prediction accuracy are highlighted in gray.
